In this paper, we propose a new functional model for denoising and enhancing the chromaticity component of color images. This model separates the color data into chromaticity and brightness. The three color channels of each pixel are regarded as a 3-dimensional vector, and the unit directional vector and its magnitude represent the chromaticity and the pixel brightness separately. The brightness component is processed by an improved forth-order PDE model which was proposed by authors in [8] . For the chromaticity component, it is considered as an embedded surface on Riemannian manifold. A physical quantity in the form of vector product and the unit norm restriction on chromaticity component are introduced into the energy functional of the proposed model. Furthermore, we give a detailed derivation of Euler-Lagrange equation for the energy functional. Numerical experimental results show that the model can preserve the chromatic characteristics while removing Gaussian noise and salt-pepper noise.
INTRODUCTION
During gathering and transfer of image data, some noise and blur is usually introduced into the image. Several restoration methods based on partial differential equation (PDE) have been proposed and studied for intensity (gray scale) images. It is natural to extend the gray-scale image restored method to handle color image channel-by-channel, but it has been shown by several authors that the CB model is well suited for denoising, edge detection and enhancement, and segmentation.
In [2] , Tang et al. pointed out the chromaticity component was dealt with as a P-harmonic mapping from one chromatic function on the unit sphere S 2 to another. When P = 1, it reduced to TV functional on S 2 . In [3], Chan et al. introduced a TV functional with a restriction for an initial image. By solving the corresponding Euler-Lagrange equation, we can solve the functional minimizing problem. In [5] , Wang Gui et al. introduced the unit norm restriction into energy functional, and gave a new cost functional to process chromaticity component. The existence and uniqueness of solution to the gradient descent flow were proved by Leray-Schauder fixed point theorem. In [6] , a color image was considered as 2-D surface in 5-D space. A new physical quantity in the form of vector product, which describes the differences of the gradient between different channels, was introduced into the regularization term of the "object", then a new functional was proposed. The authors in [6] also gave a detailed proof of Gamma convergence result of the energy functional.
The main contribution of the paper is to propose a new functional model for denoising and enhancing the chromaticity component of color images. This paper is organized as follows. In section 2, we propose a new color image denoising and enhancement model. We introduce a new functional model for the chromaticity component in section 2.1, following the view of [6] . Then we give a detailed derivation of corresponding Euler-Lagrange equation. In section 3, we illustrate the details of numerical computations. In section 4, we present some numerical examples. In section 5, we conclude the paper with some final remarks.
NEW COLOR IMAGE DENOISING AND ENHANCEMENT MODEL
In image processing, color has been represented or modeled in various ways. In this section we shall focus on the Chromaticity-Brightness (CB) model. Let be a color image (Thereafter, take a RGB color image for example and suppose N = 3), where m, n represent width and height of image. Then u(x, y) = (u 1 (x, y), u 2 (x, y), u 3 (x, y)) can be separated into the brightness component , here u 1 , u 2 , u 3 represent Red channel, Green channel and Blue channel of u, and the chromaticity component . 
Proposed Model for Chromaticity Component
• The vector product term : In [6] , a color image was considered as an embedded surface on Riemannian manifold, so image restoration problem can be seen as minimizing area of embedded surface. Literature [7] introduced the uniform geometry framework based on surface method in visual processing.
For a color image u(x, y) = (u 1 (x, y), u 2 (x, y), u 3 (x, y)), it can be modeled as an embedded surface of R 5 :
(1)
Then by the differential geometry, the area functional of embedded surface can be written as , where g is the measurement of this embedded surface, and g = det G, G is a symmetry positive definite matrix:
The determinant of G is
Thus, the area functional of embedded surface can be written as
For a gray-scale image, the vector product term reduces to zero. Formula (4) is equivalent to the minimal surface formula. The vector product term describes the differences of the gradient between different channels. This new geometry image model based on Riemannian manifold framework couples different channels together and gives a better color control along edges.
In [6] , the authors also considered the regularity term of the energy functional , m should be smaller than 1 or equal to 1, and they chose m = 1. This method proposed for a RGB color image. But Tang et al. in [2] pointed out that channel-by-channel method sometimes can't preserve × the chromaticity information well. It has been shown by several authors that the CB model was well suited for image denoising, edge detection and enhancement.
• Proposed model for chromaticity component: Now we propose a new energy functional for the chromaticity component. The chromaticity component is considered as an embedded surface on Riemannian manifold and a new physical quantity in the form of vector product is introduced into energy functional. Inspired by [5] , we introduce the unit norm restriction on chromaticity component into the regularization term of new functional. Thus, a new energy functional of chromaticity component is of the form:
In formula (5), is a given initial chromaticity component, and a, b, c are parameters. E(v) is made up of four parts:
1. The first term constrains noise;
2. The vector product term describes the differences of gradient direction between different channels; 3.
constrains the distance between the norm of v and 1;
4. constrains the difference between the result and the initial value, so it avoids too serious distortion. Then minimizing E(v) contributes to a new denoising model: (6) where v is in the range of R 3 . We does not limit v on S 2 in the process of solving (6).
The corresponding Euler-Lagrange equation of energy functional
Theorem 2.1: If the energy functional E(v) exists a minimal solution, then the minimum satisfies the Euler-Lagrange equation: (7) where The proof refers to appendix.
Proposed Model for Brightness Component
The brightness component can be treated as a gray-scale image, thus any scalar denoising model can be applied. In [8] , the authors proposed an improved forthorder partial differential equation denoising model:
Compared with Yu-Li You and M.Kaveh 's model, the difference is the choice of diffusion coefficient g( . ). The improved model chose , here and m >> 2, k is threshold parameter. The new method can not only preserve Yu-Li You and M.Kaveh model's advantages, namely, removing Gaussian noise while preserving edges well, but also get rid of salt-pepper noise efficiently.
Owing to these advantages of formula (8), we apply it for the brightness component. Thus, we propose a new color image denoising and enhancement model based on CB color model.
NUMERICAL IMPLEMENTATION
Now we discuss numerical implementation of formula (7) in detail.
1. Suppose a color image u(x, y)
Calculate the brightness component , and the chromaticity component .
Denote: 
3. Calculate Pk = (Pk, 1, Pk, 2) Where 4. By the proof process of theorem 2.1, we get the following discrete scheme: Let (i, j) be the discrete coordinate of image pixel.
denotes the color value of the k channel at (i, j) and artificial evolution time n∆t.
The numerical scheme to the differential equation (7) is given as where k = 1, 2, 3. Fig. 1 shows the original image for comparison. In fig. 2 , we demonstrate the results of using CB model to deal with Gaussian noise. The first image is the Gaussian noise image with mean 0 and variance of 0.05. Fig. 3 shows the results of using CB model to deal with Salt-pepper noise. While figure 4 and figure 5 show some channel-by-channel results for comparison. Experimental results show that the CB model preserves the chromaticity characteristics and edges while removing Gaussian noise and salt-pepper noise effectively. This CB model also gives a better color control and detail recovery for color image denoising, compared to channel by channel denoising.
EXPERIMENTAL RESULTS AND ANALYSIS
Compared with the channel-by-channel model, the new model has three different points:
• The color image data is separated into chromaticity and brightness;
• Gradient decent flow is a coupled system of equations, and embodies the interaction between color components; • Compared with other energy functional, energy functional has a vector product term and the unit norm restriction.
CONCLUSION
Most denoising and enhancement methods for color images have been formulated on linear color models. But these linear methods sometimes can't do very well. In this paper, we study a new CB color model, because the CB model By the Green's formula and the boundary condition of test function w, we get II.
III. Then we calculate the most important part . Using the denotations g1, g2, g3, g4, g5, g6, g7, g8 g9, g10, g11, g12, we have 
